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Tutorial structure

1. Introduction
1. Separation of audio/speech signals
2. Live demonstration
2. ICA and IVA
1. ICA: Independent Component Analysis
2. IVA: Independent Vector Analysis
3. NMF
1. NMF: Nonnegative Matrix Factorization
2. MNMF: Multichannel NMF
4. ILRMA
1. ILRMA: Independent Low-Rank Matrix Analysis



Separation of audio/speech signal

cocktall party effect

speech recognition
IN NoISy environment

music analysis g4




Live demonstration

« Separate 2 speeches with 2 microphones

*IPhone app R —

e Script
The ICASSP meeting is the We are demonstrating the
world’s largest and most Blind Source Separation for
comprehensive technical convolutive mixtures of
conference focused on signal speech in a real room with

processing and its applications.  real talkers.



BSS: Blind Source Separation

« Separate the mixtures at microphones 1, T2

e Into the original sources S71, S9
e assuming M=N=2 for simplicity
e source activity and mixing system H is unknown (blind)
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Instantaneous BSS

e Mixing system H is described by scalars
e Sources are multiplied by scalars and then mixed

Tm(t) = anpsn(t)

Simple and basic
BSS model




Convolutive BSS

e Delay and reverberations in a real room situation
* Mixing system H is described by impulse responses

e Sources are convolutively mixed

2
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Py (T) S (t — T)
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i
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o U

Convolutive BSS is a much
harder problem than
Instantaneous BSS

Tm(t) = hmnsn(t)




The whole system

Sources Mixtures Separations
. W1 &
:-% 371 >/-|-\ > y1 @-&
W21
w12
_% IQ Woo :\-|_-f — y2 @i&
Mixing system Separation system
Convolution fil —— ==
onvolution filter
m(t) = hmn n(l — nl(t) = nm m(t —
ttime domainy Em(0) g; (on(t=7) 4a®) = 2|}, wom(am(t =7
XSTFT/ STFT: short-time Fourier transform convolutlon ~ multiplication
N
Frequency response S : . . .
(frequency domain) xm(7’7]) Z hmn(z>8n(27]) ?’ .] S: wnm(z)xm(zaj)

m=1



STFT: short-time Fourier transform

 From a time-domain real-valued signal
e To atime-frequency-domain complex-valued signal

r(t) € R

strT > x(i,j) € C

Spectrogram: only amplitudes are dlsplayed
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Three key axes

Frequency
* Frequency-domain processing Is effective
e source characteristic
« convolution — multiplication
Time
e Source activity, Onset and offset

Channel Channel
e Source, Mixture, Separation m Mixture

Tensor representation ?

Frequency

N N

Time 7
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Tensor and sliced matrices

Channel

o VA 21 1CA T e

vector <« component S A oy o oy o

Channel

4.1. ILRMA /Y M Mixture

[l [ L L S L L

(4
Frequency

slice iInto matrices

Time 7~ \ T

Frequency
3.2. MNMF
multichannel 31 NMF Time 7

NN NN\
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Notations
S: sources I: frequency bin index
X: mixtures/observations J: time frame index
y: separations m: microphone index

n: source/separation index
W: separation system

H: mixing system |: number of frequency bins
H, mixing matrix J: number of time frames
h;,, mixing vector M: number of microphones
H,, spatial covariance N: number of sources

T: basis spectrum
V: time-varying magnitude (NMF), whitening matrix (FastICA),
weighted covariance matrix (AuxIVA)



Tutorial structure

2. ICA and IVA
1. ICA: Independent Component Analysis

13



Tensor and sliced matrices

Channel
2.1. ICA m Mixture

14

[l /L L L L L

Channel . —
s m Mixture Time J
J /S S L S L
T 1 - |
i b slice into matrices
¢ /]
Frequency )
Time 7~
_ becomes easier
Convolutive BSS - |nstantaneous BSS
W e

permutation indeterminacy needs to be aligned
to properly reconstruct the whole separations
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ICA: Independent Component Analysis

» Extract the original sources from the mixtures X1, 9
* Mixing matrix H cannot be obtained

w9 ;d-/ ) y2 @3‘3

Sources are Makes Y1, Y2
assumed to be =) independent to
Independent each other
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ICA: Independent Component Analysis

 In addition to independence, need to assume
 source distributions are different from Gaussian

W2 >\+f - 92 @

Distributions are

different from =y
Gaussian

Makes the
distribution far
from Gaussian



Speech mixtures
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Statistics of the mixtures

N=1 N=2 N=8 N=16

T Lo ol
amplitude &
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Statistics of the mixtures

p(x)
N=1 N=2 N=8 N=16
2 2 2 2
1.5 15 15 15
1 1 | 1 1
0.5 0.5 ; 0.5 0.5

amplitude — converge to the red line (Gaussian)
Central Limit Theorem
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A complex-valued source model

» Super-Gaussian distribution

Ynl? + a
P(yn) o exp (— vl l‘) ) Y, € C
e Sharper peak at the origin than Gaussian
(a) Assu-njeld, a=0 (b) Assulrllj_e_dl, a=0.1 (c) Ggu_ssian
0.8 | 0.84 | | 0.8 b

2 -2
Real Imaginary

part part
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Independent component analysis

Unknown

dale

process
« Linear operation y(7) = Wx(j) L
» Output independence p(y) = [1o_, p(yn) i

. Non-gaussianity P(yn)%%exp (_‘yn2|2) | YN
O o




;
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Likelihood of separation matrix W

Likelihood of W for the whole observations

p(X|W) = T;_, p(x(5)|W) X = {x(1),...,x(J)}
Probability density function, linear transformation
p(x|W) = | det W|* p(y) = y(j) = Wx(j)

Output independence
N

\.

Log-likelihood function

log p(X|W)
J N :
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Objective function to be minimized

Maximum likelihood estimation = Minimize the negative log-likelihood

T(W) = J [N B{G(yn)} — 210g | det W||

Contrast function P(yn) ox exp ( V‘J“z[ | )
(b) Assumed, a = 0.1
G(yn) = —log p(yn) Glyn) =VImP+a |,
1st order derivative g:: |
_ 0G(yn)  Ologp(yn) _ Yn .
9n) = B = oy W) = S TP ¥ a
2nd order derivative
92G dg 1 [ 1 |ynl|? ]
/ — = — (. n) — l Y p
9 (yn) Oy Oyn  Oyn 9 (yn) 2/ |ynl? + a 2 |lyn|* + o
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Optimization methods

» Gradient descent 02108 LW _ ()
1 0J 1 :step size
WeW T owe .
1 aj g\
- = E{g(y)XH} — (WH)_1 gy)=| :
J@W . . L 9(yn) _
* Expensive matrix inversion
o _ Yn
Slow convergence 9(yn) 2v/[yn]? + 0

e Three practical ways
1. Natural gradient
2. Pre-whitening + FastICA
3. Auxiliary function-based optimization
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1. Natural gradient

1 0F [Amari et al., 1996]

W W= oo WIW

1 0J
J OW*

WHW = [E{g(y)y"} - 1] - W

yn
24/ |yn|? + a

g (yn ) —

e NO matrix inversion
o Efficient computation

e Equivariance property [Cardoso and Souloumiac, 1996]
* Free from the characteristics of mixing matrix

e.q. close to sinqular
(€0 gular) B{g(y)x"}



Convergence example

Estimated mixing matrix A = W1 wep

Starting from W = {(1) ﬂ .

Step size: n =0.1
3

—(Gradient descent
——Natural gradient |

N
T

= o

Log likelihood
|

0 20 40 60 80 100
Iterations

Gradient descent

a9
i %m
aj
-1 0 1
X

a
C A
aj
-1 0 1

27
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2. Pre-whitening + FastICA

Separation matrix of the form: W = [y [yvarner et al., 2001]
Mixtures ~\/ Whitened - {J  Separated

2 21 2
<X 0 N QO >0
—2 —2 =2
2 0 2 5 o0 2 2 0 2
X, Z, Y,
s Pre-whitening [~ — |FastICA ™
z(j) = Vx(j) s.t. E{zz"} =1 | y(j) = Uz(j)
via eigenvalue Minimize the objective function

L decomposition of E{xx"} . \Wl’t a unitary matrix U y




FastICA

* Objective function w.r.t a unitary matrix U
J(U) = J | £, B{G(yn)} — 2log| det U|
= J3 N E{G(yn)} - ctU = 1

 Minimize E{G(y,)} for Y1,Y2,..., YN
G(yn) = \/‘yn|2 + o
e With unitary constraint

uguk: 1 ?fn:k U:[ul---uN]H
0 ifn#k

29



30

FastICA algorithm

*For n =1,..., N (sequentially) [Hyvarinen et al,, 2001]

e lterate the followings until convergence

Separated signal calculation

Optimization of G by Newton’s method

u, < E{g(yn)z} — E{g'(yn) jun

- Yn 1 L |yal?
9(Yn) = () = [1—— n ]
2V Iyn2 +a 7 (&) 2v/[yn]? + 2 [yn]? +
Gram-schmidt orthogonalization
n—1, _H
u, < u, — ) (uu,)uy

Unit-norm normalization
U,
[|un]|

u,, <



FastICA convergence example

«Red (1)
 Starting from u; = [1 0]'
e Likelihood maximization: points close to the origin
« Unit-norm normalization: points on the unit sphere

e Good solution only by 5 iterations

«Green (/)
 Starting from u, = [0 1]" O

« One-step solution by orthogonalization o
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3. Auxiliary function

» Objective function to be minimized

T(W) = J [0 E{G(yal)} — 2log |det W]

o If G(yn) — GR(|yn|) and

G’z (|ynl)
Yn|

e Auxiliary function
G (ry,
r(Tn),

n

Is monotonically decreasing

G(yn) <

with auxiliary variable 7,

Equal when 7, = |y, |

[Ono and Miyabe, 2010]
[Ono 2011]

G(yn) = V|yn|* +
Gr(ynl) = V]ynl* + o

. 0Gp Yy
Gi‘?(‘yﬂ ‘) LA ‘?} l‘

GJ}?(‘:_UN.D o 1

N (‘)‘yn‘ \/ ‘y.r.,"? + o
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Auxiliary function-based optimization

e [terate the followings until convergence

Separated signal calculation

y = WX

y:

YN

R

[Ono and Miyabe, 2010]

Weighted covariance matrices for each separation

/
Vn — FE { GR(|yn|)XX

2|yn‘

')

[Ono 2011]
wi
we|” }
Wi
Grallya)) _ 1
lyn| \/\yn|2 + «

Solve the HEAD problem for Vl, e ,VN

/

1
0

H
W, V, W, = 4

\

if m=n

if m#n



Auxiliary ICA convergence example

Estimated mixing matrix A = W !
Starting from W = [1 0}

0 1
3 T T
—Gradient descent
s 27 —Natural gradient
o — Auxiliary function-based
O 1+ _
—
< 0
T
gt
22
53
z
-4 -
-5 . ‘ . ‘
0 20 40 60 80 100

Iterations

Auxiliary function-based

l L
O + '

_1!
| . . .
-1 0 1

X

able to take a big step
at an early stage

34
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Comparisons of three methods

 measured by signal-to-interference ratio (SIR)
e at frequency 3586 Hz, 201 samples, pre-whitening applied

convergence behavior computational cost considered

25 25

e
o

Averaged SIR (dB)
Averaged SIR (dB)

Natural gradient (5 = 0.1) Natural gradient (5 = 0.1)

10t Natural gradient (n = 0.2) | 1 10t Natural gradient (n = 0.2) | 1
FastICA FastICA
Auxiliary ICA Auxiliary ICA
5 : : : : 5 : : : :
0 10 20 30 40 50 0 0.5 1 1.5 2 2.5
#iterations time (seconds) %1073

v Natural gradient: sensitive to step-size 7
v FastICA: fast convergence, slightly limited SIR (unitary constraint)
v Auxiliary ICA: fast convergence



Permutation and Scaling problem

 Ambiguities of ICA solutions

If y(j) = W x(j) is a solution, then
y(7) < AP y(y) isalso a solution

for any diagonal A and permutation P matrix

Y1
Y2
Yys

3

0 05 0

0

0 0

10
0 1

Y1
Y2

Y3

Independence of ¥1,Y2,Y3 does not change

36



Permutation and Scaling problem

37

lOg |y1 (7’7])|

log |y2(%,7)|

Raw ICA outputs

Frequency bin .

= 20“-- 40 | .65
Time frame ]

400} &

300

Permutation Permutation/Scaling
aligned aligned
500 IS 500 . T 5
400} Face ]
. 300 g -
200 & H 200 3 = :q -
100 = 100 :jk__;: .‘:'- = ’:: 1
5 _:EEQEQ;;::Q};;-umEaﬁ
20 40 60 80

400

300

100

200

500 -
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Solving Permutation and Scaling Problems

 Permutation
* Post-processing
*See e.qg. [Sawada et al,, 2004], [Sawada et al., 2011]
e Tensor methods (IVA, ILRMA)
* will be explained In later sections

*Scaling
* Refer to a microphone observation ‘Cardoso 1998

]
« So-called “projection back” [Murata et al., 2001]
]
]

: o : : [Matsuoka and Nakashima 2001
*Via mMIXing system estimation Takatani et al., 2004



Scaling alignment example

Yi1,Y2 0

r1—(y1+y2) o

Untouched

20 40 60 80

P

20 40 60 80

Vi

20 40 60 80

Aligned

20 40 60 80

20 40 60 80

20 40 60 80

39

reference
microphone
m=1

a1n estimated mixing scalar



40
Mixing system estimation

Estimated mixing situation ICA result
N
X:anlanyn:Ay - y:WX
I A1n ] [ Tl i
an = A:[alv”'?aN] X =
| A Mn | | T

= How to calculate matrix A
o If W has an inverse
A=W
o Otherwise (N < M) |
7 I 1 ° Least-mean-square estimator
A = E{xy” H{E{yy"}) that minimizes E{||x — Ay|/*}

A=WT  Moore-Penrose pseudo inverse



Tutorial structure

2. ICA and IVA

2. IVA: Independent Vector Analysis

41
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Tensor and sliced matrices

Channel

2.2. IVA <—f_ 2.1. ICA 11 Mixture

vector «<— component VAR A A A A4

Channel - L
/v M Mixture Time )
[l /L L /L L L L
T /
Y %
¢ %
Frequency

Time J



Two papers at ICA 2006
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Independent Vector Analysis: An Extension of

ICA to Multivariate Components

Taesu Kim'2, Torbjern Eltoft®, and Te-Won Lee!

! Institute for Neural Computation, UCSD, USA
{taesu, tewon}@ucsd.edu
2 Department of BioSystems, KAIST, Korea
* Department of Physies, University of Tromsp, Norway
torbjorn.eltoft@hys.uit.no

Abstract. In this paper, we solve an ICA problem where both source
and observation signals are multivariate, thus. vectorized signals. To de-
rive the algorithm, we define dependence between vectors as Kullback-
Leibler divergence between joint probability and the product of marginal
probabilities, and propose a vector density model that has a variance de-
pendency within a source vector. The example shows that the algorithm
successfully recovers the sources and it does not cause any permutation
ambiguities within the sources. Finally, we propose the frequency domain
blind source separation (BSS) for convolutive mixtures as an application
of IVA, which separates 6 speeches with 6 microphones in a reverberant
room environment.

Solution of Permutation Problem

in Frequency Domain ICA, Using Multivariate

Probability Density Functions

Atsuo Hiroe

Atsuo.Hiroe@jp.sony.com

Abstract. Conventional Independent Component Analysis (ICA) in
frequency domain inherently causes the permutation problem. To solve
the problem fundamentally, we propose a new framework for separation
of the whole spectrograms instead of the conventional binwise separation.
Under our framework, a measure of independence is calculated from the
whole spectrograms, not individual frequency bins. For the calculation,
we introduce some multivariate probability density functions (PDFs)
which take a spectrum as arguments. To seek the unmixing matrix that
makes spectrograms independent, we demonstrate a gradient-based al-
gorithm using multivariate activation functions derived from the PDFs.
Through experiments using real sound data, we have confirmed that our
framework is effective to generate permutation-free unmixed results.

Concept of “multivariate source model” was presented
In two papers at the same conference independently

Intelligent Systems Research Laboratory, Information Technologies Laboratories,
Sony Corporation, 6-7-35 Kitashinagawa, Shinagawa-ku, Tokyo 141-0001, Japan
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Independent vector analysis

e [CA: Sources generate stochastic scalar variables

Sourcel ¢ r¢

Source 2
Dii.n
i1
Frequency ’
Time 7

v

Ll L L L L L L

I I

1

Lah.m

7
7
7

Mixing process: X;; = A;S;;

Mixture

Channel

m

Separation process:
yij = WiX;

* [VA: Sources generate stochastic vector variables

Sourcel ¢ ¢~ FFF

Source 2

q
e

&)

1.7

[l [ /L /L L /L
1 1T 1T 1T 1T "1

|
N\

N N N

v

L9097

12

|
AN

Mixture

Same mixing / separation process as ICA, but multivariate source model
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Likelihood of separation matrices W

g Likelihood of all Ws for the whole observations

p(XW) =TT p(xjm|W) = Xjmlj =1L, Jm=1.-,N}

. . W =AW, W, , Wi
* Probability densny}‘unctlon, linear transformation

p(xj,la T ?Xj,le) = H | det Wilzp(yj,la T ;Yj,N)

« Output independghzclze =y = WX
\k P(Yj1, YiN) = }:[lp()@,n) Ch%‘:‘fl/ /l\/lixture
Log-likelihood function XwiT{
[ — logp ( X‘W) Frequency o .

Xj,m

—2JZIog|detW|—|—ZZlogp Yin)

1=1n=1



Objective function of VA

* A set of demixing matrices to be estimated
W = {W13W27'” 7WI}
» Objective function of IVA

1
JW) = TTG (¥jn) 2JZlog|detWi\
j=1n=1 Contrast 1=1
G(Yj””') - logp(yj’”) function y is a function of w
Multivariate p.d.f.  /~ [ Yiin \ Yim = W1H,nX1j\
Yin Y2j,n Y2jn = Wg,nXQj
’ Yin = .

,T \ \ Yijm ) Yrjn = W?,nxfy
(/
Frequency

Time J
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What p.d.f. is appropriate for a spectrum vector?




Choice of multivariate p.d.f.

* Necessary properties
* Non-Gaussian (like ICA)

* Representing higher-order dependency  Yj.n
between vector components T

=

Frequency

» Well-used multivariate p.d.f. Time 7

» Spherical super-Gaussian [Hiroe 2006],[Kim 2006]
P(yjn) = Cexp(—|yjnll2)

e Time-varying Gaussian [Ono+ 2012]
pP(Yjn) = —3 OXDp (— %

jn Tjn

|§ ) Variance is time-varying.

(Show later)

Totally it is super-Gaussian.

48
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Why spherical super-Gaussian?

*Let p(y) =p(y1,y2) = q(r) where r = \/y% + Y3

« When ¢(r) is Gaussian, sub-Gaussian, and super-
Gaussian, what dependency between y; and y» IS
represented?

Gaussian Sub-Gaussian Super-Gaussian



Py Y )
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Spherical Gaussian

Joint p.d.f. Conditional p.d.f.

0.6

p(y2|y1 =0)
p(y2|y1 =

1
Completely
overlapped

0.4

0.2

ply 2Iyl)

In spherical Gaussian case, the value of y, does not change
the p.d.f. of y,. It means y, and y, do not have any dependencies.



1’y2)

ply

Spherical Sub-Gaussian

Joint p.d.f. Conditional p.d.f.

0.2

o1

0.15

0.1

0.05

p(y2lyr=1)

p(y2ly1 =

In spherical sub-Gaussian case, when |y,| is larger,
ly,| tends to be smaller oppositely.
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Spherical Super-Gaussian

Joint p.d.f.

Conditional p.d.f.

ply 2|y1)

In spherical super-Gaussian case, when |y,| is larger,

ly,| tends to be also larger. Therefore, it represents
CO-0OCccurrence among components.



Time-Varying Gaussian

 P.d.f. of time-varying Gaussian A 05
C ysnll3
P(Yjn) = —5— €xp (— L2
Tj.n 9jn

Frequency

 Co-occurrence among frequency

components are explicitly
2

represented by o7 .

« Shared among all frequency 1. Time
e Can be changed at each time frame j.

53




o4

Solutions for IVA

* The objective function of IVA is also nonlinear.

J N I
TWV) =" Glyjn) —2J Y log|det W,

j=1n=1 i=1
G(Yin) = yjnllz = \/yfj,n + Y35, T
e Similarly as ICA, three typical methods Yijn = W . X1;
« Natural gradient [Kim+ 2006 Hiroe 2006] Y2jn = Wa,nX2;

* Pre-whitening + Fixed-point iteration (FastlVA) [Lee+ 2007]
 Dr. Taesu Kim (an inventor of IVA)'s code is available
https://github.com/teradepth/iva

 Auxiliary function-based optimization (AuxIVA) [0no2011, Ono2012b]
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Auxiliary Function Approach

* Optimization Problem Q©.6""")
J(©) — min Q(G,@(M\)) ' ///
e Auxiliary Function
Q(©,0) > J(6)

o Alternative Update Rules

Auxiliary variable update (like E-step)

~ (k1) . ~ —
© = argming QO 0) 0k+2) gk+g )

Parameter update (like M-step)

OF+1) — argming (O, ety
« Advantages
« Stable: Convergence is guaranteed
« Simple: No tuning parameters such as step size
But how to find useful auxiliary function is problem-dependent

)

More details will be explained later
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Theorem for quadratic auxiliary function

o If G(y) = Gr(|lyll2) and G';3(r)/r is monotonically decreasing inr > 0 ,

Spherical G () R
T
G(y) < —E=llyll3 + F(r)
Nonlinear Quadratic
\ contrast function auxiliary function )
holds. The equality sign is valid iff » = ||y]||=.
Examples Multivariate Contrast Weight
p.d.f. function function
p(y) G(y) = —logp(y)  Gu(r)/2r
Oyl yl|l5 = r? 1

o
CelI¥la ylla =7 ar [N

Ce—1ogcoshllyll2 - cosh ||y||2 = cosh(r) tanh(r)/2r \
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Auxiliary Function for IVA

* Objective Function of IVA
J N

I
=Y ") Glyjm) —2J ) log|det W,

j=1n=l1 Nonlinear =1
If G is spherical and function of w
derived from super-Gaussian

 Auxiliary Function for IVA

I N I
1

QW,r) =2J 5 y: y: wEnV@nwi?n — y: log | det W, || + F(r)

i=1n=1  Quadratic i=1
I = {Tj,n} function of w

I

Source activity _ _ H . |2
(auxiliary variable) i = Winll2 = \ Z WinXid|
Weighted q«
covariance matrix: Vin = 7 Z in) XijX ZHJ
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Minimizing auxiliary function

* The demixing matrix should be updated such that auxiliary
function is minimized.

I N
1
QW.r)=2J |23 > Wi, VinWin - Zlog|detwy + F(r)
1 =1 n=1
6Q(W’r) =0 - wg'mV@-,nwi,n = Omn (m =1,--- .}N)
8wi’n ’ .
i.1
0 W, = Wi.2
e From Q( r):Oforallnzl,---,N, W
8W?;jn Wi N

HEAD (Hybrid Exact-Approximate Joint Diagonalization)
problem [yeredor 2009] IS derived.
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HEAD Problem (1/2)

For simplicity, a frequency index i is dropped in this slide.

\

ex. N=3 case

Given N positive definite matrices V;, Vo, , Vy, A
find an N X N matrix W = (w; wy --- wy)" such that
H
w, V,w, =0pn (mn=12--- N) )
[Yeredor 2009]

~

WI1_|V1W1 =1
HV L
WQ 1W1 —_— 0

whViw; =0

WIIIVQWQ =0
Y Vowsy =1
Wy VoWo =

whHVows = 0

—0

W?V3W3

WIQ_IV3W3 =0

ng V3W3 =1
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HEAD Problem (2/2)

For simplicity, a frequency index i is dropped in this slide.

Given N positive definite matrices V;, Vo, , Vy, A
find an N X N matrix W = (w; wy --- wy)" such that
H
S w, V,w, =0pn (mn=12--- N) )
[Yeredor 2009]
e Remarks

« Number of equations = number of variables = N?
 When N = 2, itis equivalent to generalized eigenvalue problem,
which can be solved in a closed form. (Show later)

« When N > 3, a closed-form solution has never been found.
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Derivation of sequential update rule

For simplicity, a frequency index i is dropped in this slide.

Let's consider to solve 0QW, r)

8W1
Some vector linearly

iIndependent of w, and wj,

------

cale can be fixed by

Wi < wl/\/w?Vlwl

= 0 In with fixing wo, wg.

If we choose w1 obtained
at the previous iteration as b,
B can be rewritten by W .

Wi < (WVl)_lel

Wi < wl/\/w?Vlwl

We can update wy, W3
sequentially in the same way.
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Algorithm of AuxIVA

Iterate until convergence [Ono 2011]
Forn=1: N (every source)

lllllllllllllllllllllllllllllllllllllllllllllllllllll

Yijon = Wi 5, Xij : Update of separation

— v |lo = |2 Update of source activity
1ysinll2 \;’y“ ’ i (shared in all frequency)

* .
-----------------------------------------------------

lllllllllllllllllllllllllllllllllllllllllllllllllllllllll

: J : Update of
i Vin =3 o XXy i weighted
=1 o i covariance matrix

*
llllllllllllllllllllllllllllllllllllllllllllllllllllllll
lllllllllllllllllllllllllllllllllllllllllllllllllllllllll

: : Update of
Win — Win/1/wH ?'_i,nwi,n : demixing matrix

llllllllllllllllllllllllllllllllllllllllllllllllllllllll

Unit vector with the nth element unity
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Mixture (R)

™ o) N o)

Separation Example (1/6)
N

Mixture (L)

™ o) N o)

_”Nn_u__x”_ >oco:c,m¢

time [s]

8
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Separation Example (2/6)

frequency [kHz]

Source 2 (itr: 1)

frequency [kHz]
N
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ource 2 (itr: 2)

Separation Example (3/6)

urce 1 (itr: 2)

<t o) ™ o) N o) —

_”Nﬂx”_ >oco:c,m¢

time [s]

time [s]
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Source (itr 5

Separation Example (4/6)

.. ource 1 (it: 5)

<t o) ™ o) N o) —

_”Nﬂx”_ >oco:c,m¢

time [s]

time [s]
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tr: 10)

Ll

Separation Example (5/6)

.. Surce 1(

<t o) ™ o) N o) —

_”Nﬂx”_ >oco:c,m¢

time [s]

time [s]
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Separation Example (6/6)

@
w )]

N
o

—h
o

frequency [kHz]
N

Source 1 (after back—projection) - 4 Source 2 (after back—projection)

i

frequency [kHz]
N

\
hid ‘
r\ “
f
\ \

v
uf

3 L L ! "
j L \ \ ’ I.--‘

.
)
L
A
A
ki

L i L...'\u,.,,;_‘* /o

BN mm@% o Y

0 2 6 8 10
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Comparison with Natural Gradient

Three sources case

SIR improvement [dB]

066606660066 6666600609 One iteration
%WV AAAA"‘AAAAA_- <(|\/|at|ab)
< | AuxIVA :0.34s
A 1 GradlVA: 0.16s
7 —<— AuxIVA
p —*— Natural Grad. (mu=0.1) I
5 —%=— Natural Grad. (mu=0.2)

50 100 150 200 250 300

Iteration steps
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HEAD Problem in Two-Sources Case

|-||-| ................. Viw,
W1 V1W1 =1 : W V2W2 =0
....................... Vow,
........................ W2
W V1W1 =0 W, VQWQ =1
V1W1§ Liwsg
Tt e ‘ Viw;q || Vow; — Viw; = A\Vow,

------------------------

HEAD problem is deformed to generalized eigenvalue problem,
which can be solved in a closed form [Yoshioka 2008,0no 2010]
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Algorithm of Stereo AuxIVA

Iterate until convergence [Ono 2012b]
F Yijn = WX i Update of separation
: I - : ..
_ _ 2 (n=1,2) : Update of source activity

Tim = |[¥jmnllz = Z Vi i (shared in all frequenc
) i=1 ‘.': ( q y)
1=1:1

v 1 J 'R(”"J,n)x M (n=1.9) Updatg of weightgd

T 2, Y ’ covariance matrix

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll
llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

.
-------------------------------------------------------------------------------------------------------------

Update of demixing matrix



Comparison with Natural Gradient (2)

TwO sources case

=
o

—6— Natural Grad. (mu=0.1)
—+— Natural Grad. (mu=0.2)

—A— Natural Grad. (mu=0.3)
—=— AuxIVA
—&o— Stereo AuxIVA

0 50 100 150 200
Iteration steps

SIR improvement [dB]




73
Explicit Representation of Eigenvectors of 2 X 2 Matrix

For simplicity, a frequency index i is dropped in this slide.

o Vgun = )\nVlun <) Huk — )\nun (H = V1_1V2)
* Two eigenvectors of 2 X 2 matrix can be explicitly given by

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll
.
* *

M= 2 A1 2> Az
\ tr(H) — \/tr(H)2 — 4det(H) always holds
2 p—
2

[ Ha— X\ B —Ho
ul_( —Ho; )’ uz_(Hll_)\2)

. .
L .
--------------------------------------------------------------------------------------------------

e See [Ono 2012b] about fast implementation using vector
operation.
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Implementation on iPhone

» Stereo AuxIVA was implemented on iPhone [Ono 2012b]

 Calculation time is almost
linear to input signal length
(RTF=1/5 @ 16kHz, 10itr.
on iPhone4)

 Demo on youtube
(https://www.youtube.com/watch?v=ILMbfIDMMeE)
* Another Demo in Demo Session |l at this ICASSP

« DEMO-2.2: Low-Latency Real-Time Blind Source Separation
for Hearing Aids

* Time: Wednesday, April 18, 13:30 - 15:30
 Location: Exhibit Hall Foyer



https://www.youtube.com/watch?v=lLMbflDMMeE

3.

Tutorial structure

NMF
1. NMF: Nonnegative Matrix Factorization

75



Tensor and sliced matrices

Channel
/y ™, Mixture
/[

VA A AR AR A4

1 i

[ 7
Frequency
Time 7 ZT

Frequency

3.1. NMF Time 7
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What is NMF? From “generative model” perspective

T\
—

Frequency ;




What is NMF? From “generative model” perspective

Time-varying amplitude of each basis spectrum

Basis spectrum

A

v

Frequency i

TV

78
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What is NMF? From “generative model” perspective

Matrix factorization of X = Restoring information about T and V from X

v

TV |

Frequency i

1
1
1]

time J
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NMF as spectrogram model fitting

 Model a mixture spectrum as the sum of basis spectra
scaled by time-varying magnitudes
~ Time-varying magnitude

Tij lik Uk k]
Matrix notation: fime - .
! . ' N — : :
X ~ TV Time-varying J{ — = = - = =
/ magnitudes |f————— >~~~ k
Basis spectra : 4* —
Model-fitting —A i 2 : . 5
problem: > T
Defining o
divergence qg;
measure leads | . .
to optimization = E;_ = X : =——
= P L B e ﬂgamﬁ

problem I time j



Popular divergence measures

* Measure of difference between x and y

D(y|x)

100

80 -

60 -

40 -

20 -

— Euclidean distance
D(ylz) = (y — z)°

Kullback-Leibler (KL)
divergence

D(yla) = ylog = — (y — @)

— [takura-Saito (IS)
divegence

D(y|x) = y —logg —1
T T
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Geometrical understanding of NMF

» Because of the non-negativity of T, all basis vectors lie in the first quadrant.

 Because of the non-negativity of V, Tv; can only cover the area (a convex
cone) enclosed by the extended lines of all the basis vectors.

 NMF attempts to find a convex cone that is closest to all the observed vectors.

’
-

e,

82
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Sparsity-inducing effect of NMF

 NMF naturally produces sparse representations

 Let v be the solution to an unconstrained optimization problem:
v = argmin D(x|Tv)

Vv
» TV corresponds to the closest point from x in the subspace
spanned by t,, ..., tx.
e Except for the case where Vv is hon-negative, the solution to the
constrained optimization problem, Tv, will be the closest point toTV
In the area enclosed by the extended lines of all the basis vectors.

 This means at least one of the elements of v becomes 0.

: X ,
(unconstrained) ? (constrained)

=

ty

Subspace spanned
by t; and t,
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Itakura-Saito divergence NMF (reotter2009

* Model mixture signal as the sum of Gaussian-distributed
random signals with rank-1 power spectrograms

Power spectrogram of component k

Complex spectrogram of component k
Cijk ~ Nc(cijrl0, tikvr;)

tk X ]
Vi
i = Z Cijk _\—’/) I Rank-1 spectrogram
k

g~ [f Cijk and ¢ijr are independent
:Eij ~/ N(C (xz-j

0,> tq‘,]g'Ukj) —1> Likelihood function of T and V
k p(X|T, V)

 Maximum likelihood of T and V amounts to NMF using Itakura-
Saito divergence

argmax log p(X|T, V) Itakura-Saito divergence
T,V

:argminZ( 24| — log 235" —1)
T,V > 1 Lik Uk > o tikUk;j

1,]




Local Gaussian model (LGM)

« Generative model assuming each element of a complex spectrogram
to independently follow a zero-mean complex Gaussian distribution

with a different variance (power)
2\ —
Cijk ™ N(C(C?:jk’oa Uijk:) variance

| 1 1
grayscale

l

complex numbers near O

c
- o

Likely to generate =
o
L

Time j
_ e Likely to generate complex
. numbers with larger magnitudes
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Itakura-Saito divergence NMF (IS-NMF)

e Optimization problem:

Minimize
Dis(T, V) = 3 ( L log 2 1)
=\ 2 LikUkj Dk LikUkj
24| )
p— _I_lo t.kvk._...
> (St st

subjectto Vi, j, k, tix >0, vg; >0
e How can we solve this?

* EM algorithm [revotte+2009]

 Auxiliary function approach

—Majorization-Maximization (MM) algorithm
[Kameoka+2006], [Nakano+2010], [Févotte+2011]

—Majorization-Equalization (ME) algorithm [Févotte+2011]
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Expectation-Maximization (EM) algorithm

* When a certain likelihood function can be written as
p(x|0) = [ p(x,c|0)dc where c is a set of latent variables,
a stationary point of log p(x|#) can be found by iteratively
performing the following steps:

p(x,clf)

o Expectation-Step Q(C‘X) < fp(X c’|9)dc’ = p(C’X:Q)

* Maximization-St€p 6 < argmax/q(c]x) log p(x, c|f)dc
0

- _/
V

Q(Q, 9,) = Ecwp(c|x,9’) [10g p(x, C’Q)]
Q function
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IS-NMF optimization with EM algorithm

[Févotte+2009]

* Likelihood function for IS-NMF:
p(x|0) = [ p(x,c|f)dc = [ p(x|]c)p(c|f)dc where § = {T,V}

gfs(ﬂ?@j - Xk:@jk«') HHN(S(CZ-jHO,thkj)

k i.j

(independent of 6) |c- " |2
: —log tikvr; — —
« Q function _ N  likUky
Q(0,0") = Z ZEcijkwp(cémmij,ef) log Ne(¢iji|0, tinvig) |
ko i
e E-step
2
Tijk <— Ecz'jkwp(cz'jk\%ja@’)Hcijk| ]
202 1202 |32
= tirUrj — ﬁ%a n zkvlzgl-’ﬂ il where ¢i; = %tikvkj
L] 1]
 M-step :

/]". .
0 <+ argmaxz Z ( — log tikvr; — - ik )

0 ko iy
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Auxiliary function approach

e Techniques to find a stationary point of an objective function
D(0) using an auxiliary function G(6, o) that satisfies
D(0) =minG(0, o)

« Majorization-minimization objective auxiliary
[Hunter & Lange 2004]

[1] oY = argmin G0, o)
0
[2] 6¢+D — argmin G(@,a(e+1))

0
D(Q(ﬁ)) G(g(f)j a(€+1))

> GO, o)

2 D(Q(g-l—l))

« Majorization-equalization
[Févotte & Idier 2010]
[1] oY = argmin G0, o)
6
[2] ¥+ « @ such that G(6, V) = GO, oFV)), 6 £ o)
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Graphical illustration of MM and ME algorithms

e Comparison between MM and ME updates
G (0, a(e—1)) auxiliary function objective function
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Graphical illustration of MM and ME algorithms

MM algorithm
G(0,a¥~1)  auxiliary function

objective
function

D(6)

G(0, a'9)

Q-1 g0 D) 0
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Graphical illustration of MM and ME algorithms

 ME algorithm
G(0,a¥~1)  auxiliary function

G(0, oz(g)) objective
function
D(0)

(1) 90 (D) 0
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Relation to EM algorithm

* Objective: maximize p(x|6) w.r.t. 6

log p(x]0) = log/p(x, c|f)dc c: latent variable
0
= log/q(c|x)p(}({’|c|))dc
c|x
1 <- - - Jensen’s inequality
p(x,cl|f) - |
> [ q(c|x)log dc Auxiliary function
q(clx)
E step- M step -
Maximize auxiliary function w.r.t. q Maximize auxiliary function w.r.t. 8
p(x,c|f)

0
q(c|x) < 0 argmaqu(dx) log p(x, | )dc

| p(x,c|0)dc! 0 q(c|x)
Il
p(c|x, 0)




Another look at MM algorithm

» Coordinate descent of G(0, o)

Initial
parameter

Contour line of G(6, «)

>

parameter 6

|

D(6)

auxiliary variable «a
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Another look at MM algorithm

» Coordinate descent of G(0, o)
Contour line of G(6, «)

>

parameter 6

Initial
parameter ¢f-_____

|

D(0) auxiliary variable «
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Another look at MM algorithm

» Coordinate descent of G(0, o)
Contour line of G(6, «)

>

parameter 6

Initial
parameter ¢f-_____

|

D(0) auxiliary variable «

96
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Another look at MM algorithm

» Coordinate descent of G(0, o)

Contour line of G(0, «)

ameter 6

par

Initial
parameter ¢f-_-____

D(0) auxiliary variable «
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Motivations for auxiliary function approach

 Auxiliary function can be useful and effective
when one wants to

e handle a non-convex objective function with multiple
ocal optima and stationary points,

* handle an objective function that has
discontinuous/non-differentiable points,

* handle equality/inequality constraints, and
e avoid matrix inversions.
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Useful inequalities for auxiliary function design (1/7)

e Jensen's inequality for non-negative arguments

3 I

I g :convex function __5 T
9 -con 1 o(C) <X (3
i : :

! l

' I

k

e >0, ) Ap=1
1 k Equality holds when )\, = Lk
------------------ Zk’ :Ck;’
E.g.) when g(y) = —logy iohthand 9(y)
T side - i_Q)
—lo Ap — VY -7 2
e (T i)
k - : -
<= Aplog . J left-hand
k k side
X1 2 y>
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Useful inequalities for auxiliary function design (2/7)

e Jensen's inequality for real number arguments

g :convex function L ( )< (ﬂsk—ak)
S =0 g Zfﬁk _;51@9 B

k

—

1
1
1
:
Bk = 0, E B = I Equality hollds when o, = T), — ,Bk( E -ka)
1
1

k

right-hand 9(y)

side

e Used for complex NMF
[Kameoka+2009] )
and RBM optimizaton | | __---"~
[Kameoka+2014][Takamune+2014] -

f’
-
-

L1 —Ax]

g(5o)

N left-hand
' side !
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Useful inequalities for auxiliary function design (3/7)

« 15t order Taylor expansion of convex/concave functions

h: concave function * h(z) < h'(uw)(xz —u) + h(u)

F
i
i
! i
i

Equality holds when ©w = x

R (u)(x —u) + h(u)

E.g.) when h(z) = —logx:

1
logxr < —(x —u) + logu
u
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Useful inequalities for auxiliary function design (4/7)

e 15t order Taylor expansion of logarithmic function
Scalar case:

x
logex < —+logu —1 Equality holds when u = x
U

Extension to matrix case:
log det X < tr(U*X) +logdet U — M
Equality holds when U = X

Equals to the sum of the logarithms
of the eigenvalues of X

Used in multichannel NMF frameworks [Sawada+2012, Higuchi+2014]
and Positive Semidefinite Tensor Factorization [Yoshii+2013]
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Useful inequalities for auxiliary function design (5/7)

e Quadratic function tangent to power functions
When 0 <p < 2:
p o~ P p—2,.2 p_ P p
27 < SlulPa + ul? = Slul

Equality holds when u = x

z?

» Used for sparse regularization
for complex NMF [kameoka+2009]

et
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Useful inequalities for auxiliary function design (6/7)

o 15t order Taylor expansion of L2 norm

VT i :
_ l S T Equality holds when
i When ||w ||z = | —[[x[l2 < —w'x w = x/||x]|2
For complex number
VT TTTT i :
| When |w‘ _ |' s —‘Z‘ < —Re(w*z) Equality holds when
L w = z/|z|
e Used for sound source localization
[ONno+2009][Ono+2010] Lo
and Time-domain Spectrogram N
Factorization (TSF) [kameoka2015 d L1
[Kameoka ] — — —> >
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Useful inequalities for auxiliary function design (7/7)

e Logistic function

|
fl@) = 1 + exp(—x)
> f(n) exp (CE > T tamjgm (2* — 772))

Gaussian distribution function
Equality holds when n ==
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IS-NMF optimization with MM algorithm

[Kameoka+2006][Nakano+2010][Févotte+2011]

* Objective function to be minimized:
|45
Dis(T, V)= Z (Z;tZkUkj + logz LikVkj — - )

@]
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IS-NMF optimization with MM algorithm

[Kameoka+2006][Nakano+2010][Févotte+2011]

* Majorizer
TV AT — /\?jk|$ij|2 1 |
gIS( y Vo A\ )— Z; (Zj ik Vs uw (thkvkj u%j) + log u;; — - - )
e Update rules for Aand U
ik Uk
Nigk 2k tik’;k’j A Z ik

e Update rules for T and V
8gIS zjk|x33|2 'Ukj Z] zgk|$23| /Ukj

zkvk:} vk} /uﬁj‘
8gIS L Z ij|x33|2 t?,k‘ — PN Z?, zgk|$%j‘2/t%]€
OV : zk%; uij ki > i tin/wij

* Update rules of ME algorithm can be obtained by solving T and V
that satisfies Gis(T, V, A, U) = Gis(T', V', A, U)
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Tutorial structure

3. NMF

2. MNMF: Multichannel NMF
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Tensor and sliced matrices

Channel
/Y M Mixture
7 7 7 7 7 7

! ;

7) ¥

Frequency 4
Time 7 —> ZT
3.2. MNMF Frequency

multichannel 3.1. NMF Time 7
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Extension to multichannel input

* Frequency-domain instantaneous mixture:

X;; = H;isyj

AR

Observed signals Mixing matrix ~ Source signals

?c) ] IR N

c g ] ] N

< : } . ] l\l\

O ] AN

Xi1eeoosX; = H.
frequ_enk‘ [ 11 ) zJ] () [Sﬂ, . aSiJ] Isom;lrce
l —_— —_—
time source —_
J n time

J

* Assume local Gaussian model (LGM) with source power
spectrograms expressed using NMF (low-rank) model
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Local Gaussian model

e Source model assuming each element of a complex spectrogram to
iIndependently follow a zero-mean complex Gaussian distribution with
a different variance (power)

Sijn ™ N(C(Sz'j,nma U?j,n) ' variance




Local Gaussian model

112

e Source model assuming each element of a complex spectrogram to
iIndependently follow a zero-mean complex Gaussian distribution with

a different variance (power)

Sijn ~ Ne(

1 o ! 2 3
" -1
2_3 52

Likely to generate
complex numbers near O

1,
0.8,
06|
04

2
Sijn |07 Jij,n) ' variance

l

Frequen ;

grayscale

Time j
Likely to generate complex
numbers with larger magnitudes
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Local Gaussian model

e Source model assuming each element of a complex spectrogram to
iIndependently follow a zero-mean complex Gaussian distribution with
a different variance (power)

Sign ™ N@(sz-j,n|0, Jgj,n) ' variance

2
ijn

» Allows us to incorporate power spectrogram model in o
0fin = Lk tiknVkjn COrresponds to NMF model
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Local Gaussian model

e Source model assuming each element of a complex spectrogram to
iIndependently follow a zero-mean complex Gaussian distribution with
a different variance (power)

Sijn " NC(Sz‘j,nma Jgj,n) ' variance

. : 2
« Allows us to incorporate power spectrogram model in g; in T, V.,
0fin = Lk tiknVkjn COrresponds to NMF model NEAN \
Xij = Hz§< B Efl - %]
Q
- - c I| "|\|\ \
Sij1 S & - =
. A | Q
(@)
S frequency —_— —> o
| 247,V _ i time j source = T—>. n
- n time j
- Likelihood

—>  x;; ~ Nc (Xij

o2, 0
O’ H% %Jal . . , H?Ijl
0 Ol N
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Super-Gaussianity of local Gaussian model

» Theorem

The time average of zero-mean Gaussian distributions
with time-varying variances is super-Gaussian.

p(x) = an/\/(:ﬁ, 0,v,) (Z Wy, = 1)

* Proof omitted

C

Kurtosis becomes O if and only
if all the variances are equal.

» Using local Gaussian models implies assuming
source signals to follow super-Gaussian distributions
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Multichannel NMF

[Ozerov&Févotte2010][Kameoka+2010][Sawada+2012]
 Probability density function of microphone array observations
Xig ™ Nc (Xij

o2 0
Lol |

] H,'j <«— local Gaussian model
Uzz,N

N 4> tikmUkjn < NMF model
k

log-likelihood -

L(H,T,V) — —10g det D, — XH.(I)___lxi.
—_, ij Tig v
,J

2

h Tij,1 0 H d o2 = /
wnere (I)ij — Hz o H?; an Oijmn = ik,nVkj,n
k

0 03i N

Assumption on mixing matrix Optimization
* None [0Ozerov+2010][Sawada+2012] e EM algorithm
— Applicable for underdetermined system [Ozerov+2010][Kameoka+2010]

* |nvertible [Kameoka+2010][Kitamura+2015] e Auxiliary function approach
—» Specialized for determined system [Sawada+2012][Kitamura+2015]



Multivariate extension of IS divergence

* Different expression of &®;;

n N i~ Ne (56010, 5 tik ki)

k

~ N (XZJ

0 thn nztzk’nvl{:j 'n,)

Hz-,n ; spatlal property of source n

'

~

Xij(= ®ij)

e Multivariate extension of IS divergence
(a.k.a. log-determinant divergence)

LH, T, V) = Z{ log det X;; — x{ X 1,5}

= Z{— log det&— tr(X_;-Lle'jX?j)}

117
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Treating NMF bases as individual sources

Special case where X;; = 3" H;xtin vk
k

NMF bases:
Frequent spectral ‘

Ll ey £ BN B f==a ¥ o 3
o G E . ;_-"_-‘-_"_ ¥ ._._I‘_ 3
eSS E SR
= & " ] L T » e ] -
P e R e s =
il . il i ) P E
280 el E’ % ‘E’ : ) s
JO S5 S pattems
N i 43
100 E -
o %
iI a r - 4
5 100 180 200 E)

L1

il

L IFII

| 1'."Mﬁnmﬂf"
s
O VRLRY TAUTRY [T B

M

jly

)

Ik
J

- e, _3 3 = 4 e ..
1S 22 = Wi,y :Z:

o

- -
=
= =
= - —
- —
00 e -
-
o e B A T e N
200 -
i o &l
e =
0 =

allocated to each
separation according
to the spatial property
of NMF bases
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Nonnegativity: from scalar to vector

Scalar Vector
et
Observation X x=| :

_:CP‘/I_

- [ |1 | T1T,
Nonnegative ‘ |2 — N
representation * :
EYE N SV
O—— nonnegative —— @] complex
Low-rank . K - K

model Tij = 2 p—1 tikVkj Xij = 2 p=1 I;Iiktikvkj

e Hermitian positive-semidefinite matrix
H = HH All eigenvalues are nonnegative

e Spatial property of the k-th NMF basis at frequency i
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Optimization problem of multichannel NMF

* Objective function to be minimized
L(T,V,H) = Zi,j Cf‘*(xfijﬂx’ij) ) .
typically IS divergence with Xj = 2 k=1 Hirtirvr;

(]Ib(X,]q X,]) — tl(X,]Xul) — 10g det X,]Xul — M

.

X
S
g

Aouanbau4

| Hixtik
Time  /

ij-element wise: ~ O+ B3O
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Auxiliary function design

[Sawada+2012, Higuchi+2014, Yoshii+2013]

Objective function

~

E(T,V,H) = Zi,j [tr(X?;jf(;jl) + log det )A(%J} Wlth Xij = Zé{:l Hikt@k’U;{;j

.// I —
- 1 - [ N S A
tr (24 Xi) ™| < S tr (RiX'R) | [log det X < tr(XU™) + log det U — M
matrix extension f matrix extension f
Jensen's inequality applied 15t order Taylor expansion
to reciprocal function of logarithmic function
1 1 A2 x
- <)y -k 1 < —+1 —1
i S o Zk)\ki—ﬁ_zk:xk 1 ogz < — +logu

Auxiliary function\ \

LH(T,V.HLR,U)=Y". . [Zk R Risk) 4 (S0, tinorgHirUp;) + log det Uy — M]

(2¥] LikVij




Multiplicative update rules

Multichannel IS-NMF

Lik < tik\

Z Ukzjtr(

1xwx THik)

Zj ’Ukth‘(X?:j H@k)

Vg < Uky \

HirAH; = B

Z tzktr(

1x,wx TH,)

Z tzktr(

Algebraic Riccati equation

A= Z tkkaX_
B=H, (z Eirvrs X5 X, X5 )Hik

1sz)

IS-NMF

122

ik < lik S o
\ .7 §3fi3

tzk Lij

L Tij Tiy
Vkj < Uky o
\ s
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Learned spatial property example

Argument

Basis-wise

PRIy o o
R AL 7 ("SI

The 10 bases seem to form 2 clusters,
each of which corresponds to each source.

source 1 '

100 _ 200 300 400 500
Frequency bin index {i)

arg([Hix]12)
k=1.....10

Inter-channel phase difference of source k
becomes w; 2<% where C is speed of sound
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Clustering NMF bases for sources

* Modify the modeling of the spatial property

k=1 2 3 4 5 k=1 2 3 4 5
E NMF bases
7
<
» IR 7
Sources
n= 1 2

* X,;; With source-wise spatial property
‘ K N
Xij = Zk:1 anl ZiknHintik Vg

Similar multiplicative updates derived



Argument

125

Learned spatial property example

. | i 3w
100 200 300 400
Frequency bin index (i)

arg([Hix]12)
k=1.....10

500

Argument

Source-wise

3f Lot TRy

.
i,

IR I
L ETIPRR-P 0] L K
100 200 300 400 500
Frequency bin index (i)

arg([Hin]12)

n=1,2

Inter-channel phase difference of source k

becomes w; 2<% where C is speed of sound
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3 music parts separation example

» 3 sources and 2 microphones (underdetermined case)

Reverberation time

245° o

Distance: 120cm

O
Q

&§ 150

Loudspeakers

Microphones
4cm apart ‘ 70°

Roomsize: 4.45x 3.559x2.50m
Height of microphones and loudspeakers: 120 cm

4 examples in total can be found at

The computational burden
was heavy: it took 838.30
seconds for separating 24-
second mixture.

http://www.kecl.ntt.co.|p/icl/signal/sawada/demo/mchnmf/



http://www.kecl.ntt.co.jp/icl/signal/sawada/demo/mchnmf/
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Determined multichannel NMF

[Kameoka+2010]

« Special case of multichannel NMF where mixing matrix
H; is invertible

When W, =H_ ', we can write W;x;; =s;; and so
L(H,T,V)= Z{— log det ®;; — x5 ®; x5}

= Z log det WIS 'W,; — x[ WIS W x;;)

2
—Z{Qlogdetw Z(logawn |8@‘7n| )}
o2

17,M

o2 0
where =,; = { 51 ,

Tii N

2
and Oijm = E tik,nvkj,n

o Earlier idea of Independent Low-Rank Analysis (ILRMA)



BSS methods and optimization techniques

2000

>

Determined BSS

ICA

FD-ICA

Underdetermined BSS

Monaural source
separation

2010
(Earlier idea of ILRMA)
Determined
IVA MNMF
AuxIVA ILRMA
(MM) (MM)
TF mask
estimation
MNMF MNMF
(EM) (MM)
MFHMM
(MM)
NMF IS-NMF
Complex Factorial
NMF HMM

Optimization techniques

Natural gradient

IS divergence mini-
mization with MM

Separation matrix
optimization with IP

128
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BSS methods and optimization techniques

2000 2010 N
Determined BSS (Earlier idea of ILRMA)
Determined
ICA VA L MNMF
AuxIVA ILRMA
FD-ICA L, (MM) (MM)
’
: ’ 7
Underdetermined BSS | TFmask | 1% f
estimation [# P /
/’ /[T T
’ MNMF | #|} MNMFs
V4 / 1
Re (EM) |, L (MM);
/’ S/ 1 MIFHMM
’ s | 1 (MM
P ¢ | 7 ( )
/’ I! l, A
Monaural source l/ NME S /zf !
separation 7 T
P Complgk 4 Factonz%l /
,/ ,/, HMM1
.. . 7 H
Optlmlzatlon be'chnlques '0' "’
. IS divergence mini- Separation matrix
Natural gradient mization with MM optimization with IP
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Categorization of LGM-based BSS methods

Generative model x; ; ~ Ng(xi ;|1 ®i )

Method D, ;

Attias (2003) Don 2ir Or i jr nHijrn
Ozerov & Févotte (2010) >0 07 inHin + B
Duong et al. (2010) > 0233 2Hin

Kameoka et al. (2010) ".7’__1 F, ix;j—y | W; 121 W, 1
Yoshioka et al. (2011) ".f__l F; ixi i W;lzi,jvvgl

Ono et al. (2012) W;lz:m-vv;l

Sawada et al. (2013) Zn O-?;Q’j’nHz,n

Higuchi et al. (2014) Don 2ir Or i jr nHijrn
Kitamura et al. (2015) W;lxi,jW;l

Lépez et al. (2015) W;lxz W, 1

Adiloglu & Vincent (2016) >0 0 inHin
Kounades-Bastian et al. (2016) Z 02}3 nH i,7,n




Categorization of LGM-based BSS methods

Constraints on o7, ,,

Method

2

Ti,5,n

Attias (2003)

Ozerov & Févotte (2010)
Duong et al. (2010)
Kameoka et al. (2010)
Yoshioka et al. (2011)
Ono et al. (2012)
Sawada et al. (2013)
Higuchi et al. (2014)
Kitamura et al. (2015)
Lopez et al. (2015)
Adiloglu & Vincent (2016)
Kounades-Bastian et al. (2016)

tik;.,n Where kj, ~

2k tiknUk jin

2
?’?j?n

o)
>k ik @il nVk jn
UjnQi,jn

Vjn

2k Zhnti KUk 5

tik; ,nVjn Where kj;, ~

>k Zhnti kU,

2
1,7,m

(Zk g,k,nvz,j,n) (Zk’ tﬁ,k’,nvi",j,n)

> tikn Uk jn

o

131
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Tutorial structure

4. ILRMA
1. ILRMA: Independent Low-Rank Matrix Analysis
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Tensor and sliced matrices

/ 2.2. IVA
Channel
4.1. ILRMA /Y M Mixture

[l [ L L S L L

1 i

(4
Frequency

Time 7

3.2. MNMF



Year

134
Historical development

(Over-)determined problem Underdetermined problem

|
1994- 21 Independent component analysis (ICA) I
N |
|
2.1 , !
1998 --------1 Frequency-domain ICA (FDICA) : 3.1
1999 ------------- I_\/Ié_r{y; _p_e_I:r_T;l_JtE_;Iii_(;I:I_S_(_)i\;él_”;_""""""":_- Nonnegative matrix factorization (NMF)
were proposed for FDICA |
: Many applications of NMF
2.2 Generative models in NMF
2006 -------- Independent vector analysis (IVA) : Many extensions of NMF
' 3.1
2009 - Itakura—Saito NMF (ISNMF)
2. | B
2011 ---- I
|
2012fF----------- |
: | 3.2
2013} More_precise spectrgl---..-=:=
odel using NMF 1 T P
ore erricient caicuiation
2016;’- Independent low-rank matrix analysis (ILRMA) for determined situation



Historical development
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Time-varying Gaussian IVA

More precise spectral

4.1 odel using NMF

Independent low-rank matrix analysis (ILRMA)
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Spatial and spectral models in BSS

« Spatial model: assumption of mixing/demixing system

» Spectral model: assumption for each source

~

Observed . \ Estimated
signal

mixture IDemlxmg

Spatial model

- Instantaneous mixture in frequency domain
, - Liner time-invariant mixing system

\ i -
N Source  Time-freq. R X = Hisij

__________ \ Spectral model

- Super Gaussianity of source dist.
- Sparse or low-rank time-freq. structure
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IVA revisited: model

* VA extends ICA to multivariate probabilistic model
[Hiroe+, 2006], [Kim+, 2006], [Kim+, 2007]

Frequency-domain ICA: frequency scalar random variables
IVA: frequency vector random variables

Source - Observed Estimated
Mutually vector  MIXIng ey DemiXing o gy
mdependent(‘p s;)Sp . matrix X;  matrix Y1
p(s2) Szl Zoxa Hllx “ W1 Ty
Spherical = . B Z—— . ——
distribution _ _ 77 ' . 2 .
p(sn)=plsin,---semfll WI° W HLT T THl
Higher-order ||~ x ~ Hi o= ~ Wi Z7=H~
correlations =

-

Permutation-problem-free estimation of W,
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IVA revisited: compared to FDICA

* Frequency-domain ICA (FDICA)

Mixture is close to Gaussian signal Source obeys

because of central limit theorem

Observati/oa// 4

xl(f)www/s

Demixing

2o () il —

system
l,

Update separation filter so that the estimated
signals obey non-Gaussian distribution

* [VA

Observation

xl(T)WMWW—)

73(7) Ao —

Estimation
7 'yij,
Demixing [~ ¥(7) L STET
system

)

L4

4

Update separation filter so that the estimated
signals obey non-Gaussian multivariate distribution

. . >
non-Gaussian dist. “C’l

1

2

Freque

Kcalar r.v.s Current Non-Gaussian
[\ empirical dist.  source dist.
/ ™~ ‘ ________ ) l, _________ \\
IT : /(Cy”’]l) ' p(sij1)
. > | - :
A [Time : L Mutyally
l L i ' L indegendent
TN AL ] e
| /\""’ :
Time S SRR E L TR ’
Non-Gaussian
ector r.v.s Current spherical

Frequency

>
(@]
c
[}
>
(o8
[}
ut
L

T

ime

empirical dist.  source dist.

independent
p(Sj,i:)
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Extension of vector source model in IVA

>

* Frequency vector spectral model (IVA)

Co-occurrence among frequency bins
of each source

Extend vector model to | >
° Time
low-rank matrix model Vector-activated model

 NMF spectral model

Co-occurrence among time-frequency slots
of each source with a low-rank structure

>

Frequenc

>

Frequency

More precise representation of
time-frequency structure

. Low-raTri1T<emodeI
Incrementation of frequency bases
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ISNMF revisited: low-rank spectral model

o Itakura—Saito NMF (ISNMF) (revotte+, 2009]

|2
Dis (|X]*|TV) = Z Z|$;glvk T logzt"'kv’“j
k LikUks

,J L k _

Minimization of the above is equivalent to a maximum likelihood
(ML) estimation with a following generative model:

At each time-frequency slot, complex-valued component x;; obeys

____Variance 1 |x|2
zi5 ~ Ne (245]0,2_), zkvkj) — CxXp (_ -~ )
------- : T D 1 LikUk; Dk LikUrj
If z;; can be decomposed as z;; :chijk, then

S .«<+— Parameters are
7 also decomposed

~ o I
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ISNMF revisited: low-rank spectral model

o Itakura—Saito NMF (ISNMF) (revotte+, 2009]

|X|'2 : Power spectrogram
[ [ [ ]

Grayscale shows
intensity of variance

Small variance

Frequency

Time frame

NOTE: p(X) =[], ;p(®ij; 0, >_itikvr;) IS non-Gaussian
because the variance Y, tixvx; can fluctuate along
time and frequency

Large variance
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ILRMA: unified method of IVA and NMF

 Independent low-rank matrix analysis (ILRMA) ikitamura+, 2016]
Unification of

1. Estimation of demixing matrix W, (IVA spatial model)
2. Low-rank approximation using T,,V,, (ISNMF spectral model)

Estimated Low-rank LOW-Irankd |

Observed signal -id spectral mode

signal Maximize modeling MV,
™~ independence - ISNME |= g =
* f @/ = VA P T, V,
‘ ISNMF (= Q =

\_ J




ILRMA: unified method of IVA and NMF
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 Independent low-rank matrix analysis (ILRMA) ikitamura+, 2016]

Motivation of ILRMA?

When sources are mixed...

(1) Mixture dist. approaches to Gaussian
| N =8 2 N =16

‘ 1.5 1.5; 1.5;

2

1.5

N=1 |N=2

2

0.5 0.5 0.5

1 [ 1t 1t

‘ To separate the sources...

(2) Rank of spectrogram increases

0 p)
X

Frequency

0)]

—

quency

Mix

quency

X

Time

X1

I
ﬁb<
Frequency

Maximize non-Gaussianity Restrict rank of separated signal

(using ICA or IVA theory)

(using NMF theory)

Low-rank assumption can avoid
the permutation problem
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Cost function in ILRMA

Source distribution

e Cost function in FDICA, IVA, or ILRMA (spectral model)
L=-27 log|det Wi| = log p(Y,)”

FDICA (Laplace) p(Y,) = H aexp (—|yijn|) Separable for frequency
e.g., [Sawada+, 2003] -
Yijn
IVA (spherical Laplace) p(Y H o exp ( 2) Yin = |
[Hiroe+, 2006], [Kim+, 2006] Yijn

Frequency vector

o |2
VA (time-varying Gauss) p(Y») = [ [ 5 exp (_ I35 ||2)

[Ono+, 2012] i Tim 9jm

1 17,1 2
ILRMA (ISNMF model)  p(Y.) =] | exp (_ Yijinl )

[Kitamura+, 2016] ii v Dk Vik;nUkjyn Dk LiknVkjn
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Cost function in ILRMA

e Cost function in ILRMA

Demixing matrix: @u e WiN) Estimated signal: ¥ijn :z’j

_______
o S e Y | g )
- 1
i T | 2iaentisp) k if
Cost function in Cost function in
time-varying Gaussian IVA ISNMF

(estimates demixing matrix) (estimates low-rank spectral structure)

Spatial model update: AuxiVA All the variables are
Spectral model update: ISNMF alternatively updated
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Update rule of parameters in ILRMA

 Maximume-likelihood-based update rules
Alternatively update both models

Spatial model Spectral model
(demixing matrix) (NMF variables)
Update demixing filter [Ono+, 2011] Update NMF parameters [Nakano+, 2010]
-2
Vin = l Z —1 Xz‘ng Likn < tik Zj |Yijn | *Vkjm (D bikinUktjin)
J J T 1 | | Zj Vkjn (Zk’ tik’,nvk'j,n)_l
Wi,n <~ (Wzvz,n)_ €n —
) > Wi Pinn (O tikmUrtin) ™
_ _ Hy . w. )2 Ukjn < Ukjn 1
Wz,n < W'I,,’I’L (Wi,n Z,’I’I,W’L,n) Zg tz’k,n (Zk/tik’,n'vk’j,n)
Update estimated signal Update estimated variance
Yijn = Wi},I nXij Tijmn = Ztik,nvkj,n
k

e, . one-hot vector with one
at nth element Matlab codes for ILRMA:

See also (pseudo code) https://github.com/d-kitamura/I[LRMA
http://d-kitamura.net/pdf/misc/AlgorithmsForindependentLowRankMatrixAnalysis.pdf



http://d-kitamura.net/pdf/misc/AlgorithmsForIndependentLowRankMatrixAnalysis.pdf
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Clustering NMF bases for sources

 NMF bases should be automatically clustered into
each source Introduce

partitioning function

Tijm = E tik,nvkj,n ‘ Tijm — E antzkvkj
k k

Fixed number of Adaptive number of
bases for each source bases for each source
T (IxK) TH(IxK) IxK)

I J

m

R,

E
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Update rule of parameters in ILRMA

« Maximum-likelihood-based update rules with Z
Alternatively update both models

Spatial model
(demixing matrix)
Update demixing filter [Ono+, 2011]

1 1
Vin == —T
) J ; Tij,nX JX'LJ

Wi,n <~ (Wivi,n)_l €n

D=

H
Wi,n — Wi,n (Wi,nvi,nwi,n)

Update estimated signal

R |
Yijon = Wi nXij

e, . one-hot vector with one
at nth element

See also (pseudo code)

Spectral model
(NMF variables)

Update NMF parameters [Nakano+, 2010]

S i Wi Ptawvis (X Zembinvrg) ™
Zkn < Zkn ]
D i tiwVkg (Do Zrmbin Vi)

> i 2k (o Zhntinrvas)

—2
ti tik\l Zj,n |yij,n|2zkn’vkj (Zk’ zk’ntik/’Uk/j)

Z'L’,n |yij,n|2zkntz'k (Zk’ zk’ntik"vk’j)_2

S im Zhntin (X Zembiw Vi)
Update estimated variance

Tijn = E ZknlikVkj
k

Uk — Uk

http://d-kitamura.net/pdf/misc/AlgorithmsForindependentLowRankMatrixAnalysis.pdf



http://d-kitamura.net/pdf/misc/AlgorithmsForIndependentLowRankMatrixAnalysis.pdf
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Historical development

------- i
............. 1 3.2

4.1

am Independent low-rank matrix analysis (ILRMA)

More efficient calculation
for determined situation




Multichannel NMF revisited: model

 Multichannel NMF with full-rank covariance [sawada+, 2013]

Multichannel

vector

Tij1
Xij = :
Lij M

Instantaneous spatial covariance
H
Kij = XijXyj
|zl Ty
2
TijMTiq o |Tigml

150

Spatial covariances in
each time-frequency slot

4§ J Y,
Y
Observed

Spatial covariances

N\
N\

NS/
Y/

|

I

|

H

<

2

Spatial model

K

Partitioning function
of each source / Basis matrix Activation matrix

vV

A

Ol

J  Gains

Spectral patterns

K

~
Spectral model

multichannel signal Spatial property of each source Spectral patterns of all sources
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ILRMA and multichannel NMF

* Relationship b/w ILRMA and multichannel NMF?

Source distribution: same  p(y;;.n) = Ne(¥ijn; 0, tiknVkin)
Spatial model: different

ILRMA Multichannel NMF
Instantaneous mixture Mixture of full-rank covariances
in frequency domain R (and power spectrograms)
x;; = H;s;; Xij = D> 2 2kntikVkiHin

e Rank-1 spatial model [buong+, 2010]

Equivalent to instantaneous mixture

H h; ,,: steering vector
Hz',n — hi,nhz’,n (column vector of mixing matrix)

H; = (h;; --- hyn)
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ILRMA and multichannel NMF

e Multichannel NMF with rank-1 spatial model
Cost function of multichannel NMF

T = Z [tr ( ) + log det X’&J] _ Zkz H; n2kntikUk;

Substitute rank-1 spatlal model Hzfn,—hmhH into X

,n

Zkz hz nh an zkvkj
— Z h, nhH Zkzkn ik Uk

H
{zk zkltikvkj 0 ce 0 \
H, = (hi,l o hi,N) Dy = : Dk zk2..k'UkJ ;

\ O © 0 Zk sztikvkj/
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ILRMA and multichannel NMF

* Multichannel NMF with rank-1 spatial model
Substitute )A(z-j =H;D;;H! into the cost function of multichannel NMF
j = Z [tI' (XZJXS(HZDZJH?)_l) + lOg det HszHfI]
i,j
— Z [tj[‘ (XZJ HH HD 1H )—|—10g(d€t Hz)(det D,])(det HZ)H]

B,J

Transform the variables as W;=H ' and y;; = W;x;;

J = Z [tr (Wi ly;ys W PWID'W,) + log | det H|? + log det D]

:—2J210g|detW¢|+Z IOgHZkan ikUkj + t1 (¥i;¥5;D7; )}

i 1,7 L

\: Cost i
| ILRM
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Summary of [LRMA

e From IVA side:

Introduce NMF spectral model (basis incrementation)

e From multichannel NMF side:
Introduce rank-1 spatial model (instantaneous mixture assumption)

Spatial model

Limited

Flexible

>

Multichannel
NMF

Rank-1 spatial
model
NMF spectral X5 =H;si;
model

IVA =) ILRMA

>
Limited Spectra| model Flexible



e Conditions

Experiment

155

Source signals

Music signals obtained from SiSEC2011
Two microphones and two sources (determined)

Analysis window

512-ms-long Hamming window

Shift length

128 ms (1/4 shift)

Number of bases

30 per each source/60 for all sources

Evaluation score

Improvement ot signal-to-distortion ratio (SDR)

/i f N
R .
’ s
’ .
‘ .,
N

Source 1

._Source 2

2m <§' Impulse response E2A
(reverberation time: 300 ms)
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Experiment
« Two source case (ultimate nz tour)
20
Gaqod @ Guitar
15—
3,
5
5
glo—1 ) |
ok
=
14
ZIERRE I S -
Poor

AuxIVA Multichannel ILRMA ILRMA
(Laplace) NMF (without Z) (with Z)



e Conditions

Experiment

157

Source signals

Music signals obtained from SiSEC2011
Three microphones and three sources (determined)

Analysis window

512-ms-long Hamming window

Shift length

128 ms (1/4 shift)

Number of bases

30 per each source/90 for all sources

Evaluation score

Improvement ot signal-to-distortion ratio (SDR)

Source2  Source 3
Source 1@ @
67 L2m Impulse response E2A
’ / . (reverberation time: 300 ms)
~.20%,
o o]
507+ 70
2.83cm 2.83cm




Experiment

e Three source case (bearlin-roads, 14 s)

Good 12

158

10_ lllll \IILIIRII\I/IIAII\}\/I/IIZI,Iéb.IjISII:==:=====:===========:===II:II:II:II
_ ILRMAw/o Z,15.1s
) . :
B, 8- .
é 3 IVA, 11.5s " Multichannel NMF, 7647.3s
o
~
o
o 4-
E “e IVA
DD: 2 —<— Multichannel NMF
%) —+— ILRMA without Z
: —©— ILRMA with Z
0 ‘ Other demo:
| http://d-kitamura.net/en/demo_en.htm
Poor -2 ' ' '
0 100 200 300 400

Iteration steps


http://d-kitamura.net/en/demo_en.htm

Conclusion
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Channel

Complex-valued Tensor s m Mixture

e Multichannel audio mixture iT

SSNNTN

» Frequency domain via STFT  Frequency

ICA, IVA

* Independence
e Super-Gaussian

Component — Vector — Low-rank Matrix

» Fast convergence
* Problem dependent, but “cookbook” works

Auxiliary function-based optimization

Time 7

» Spectral bases
* Low-rank
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Advertisement: book chapters

« MNMF and ILRMA will be published from Springer in

March, 2018!

Signaks and Communication Technology

Shoji Makino Editor

Audio

Source
Separation

Audio Source Separation (Signals and
Communication Technology)
1st ed. 2018 by Ed. Shoji Makino

Ch.5
General formulation of multichannel extensions of
NMF variants;

Hirokazu Kameoka, Hiroshi Sawada, and Takuya
Higuchi.

Ch. 6

Determined Blind Source Separation with
Independent Low-Rank Matrix analysis;

Daichi Kitamura, Nobutaka Ono, Hiroshi Sawada,
Hirokazu Kameoka, and Hiroshi Saruwatari.
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Thank you very much
for attending this tutorial !

Hiroshi Sawada Nobutaka Ono Hirokazu Kameoka Daichi Kitamura




Supplement



Supplement p.2
Scope of this tutorial

Blind Audio Source Separation

Multi-channel & & Single-channel

over-determined under-determined R
N <M N > M M =1
% ILRMA (e.g. GMM)
é DNN-based methods

Utilize training data@&3

Matlab codes for ILRMA: https://github.com/d-kitamura/ILRMA



https://github.com/d-kitamura/ILRMA

Supplement p.3
Tutorial structure (detailed)

1. Introduction 3. NMF

1. Separation of audio/speech signals (pp. 3, 5-12) 1. NMF: Nonnegative Matrix Factorization

2. Live demonstration (pp. 4) * Interpretation as generative model (pp. 77-85)
2. ICA and IVA » Optimization methods (pp. 86-107)

1. ICA: Independent Component Analysis * Expectation-Maximization algorithm (pp. 87, 88)

e Formulation and model (pp. 14-24) » Auxiliary function approach (pp. 89-107)

 Inequalities for auxiliary function design (pp. 99-105)
2. MNMF: Multichannel NMF

Formulation (pp. 110-119)
Auxiliary function based optimization
(pp. 120-122)
Experiments (pp. 123-126)
Model categorization (pp. 127-131)
4. ILRMA
1. ILRMA: Independent Low-Rank Matrix Analysis
» Developed from IVA (pp. 135-148)
» Developed from MNMF (pp. 149-153)
o Summary and experiments (pp. 154-158)

» Optimization methods (pp. 25-35)
» Permutation and scaling problems (pp. 36-40)

2. IVA: Independent Vector Analysis

* Formulation and source models (pp. 43-53)
 Auxiliary function based optimization
(pp. 54-62)
» Experiments and faster algorithm in stereo
case (pp. 63-74)
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Frequency-domain approach to convolutive BSS

e [Smaragdis, 1998], [Parra and Spence, 2000], [Schobben and Sommen, 2002],
[Anemiiller and Kollmeier, 2000], [Asano et al., 2003], [Saruwatari et al., 2003],
[Saruwatari et al., 2006], [Yoshioka et al., 2008], [Duong et al., 2010]

o Permutation alignment [Sawada et al., 2004], [Sawada et al., 2007], [Sawada et al., 2011]

e Scaling adjustment to microphone observations [Cardoso, 1998], [Murata et al., 2001],
[Matsuoka and Nakashima, 2001], [Takatani et al., 2004], [Mori et al., 2006]

ICA: Independent Component Analysis

 Information-maximization approach [Bell and Sejnowski, 1995]

e Maximum likelihood (ML) estimation [Cardoso, 1997]

o Natural gradient [Amari et al., 1996], [Cichocki and Amari, 2002]

e Equivariance property [Cardoso and Souloumiac, 1996]

o FastICA [Hyvirinen et al., 2001]

e Complex-valued ICA [Bingham and Hyvérinen, 2000], [Sawada et al., 2003]
o Auxiliary function based ICA [Ono and Miyabe, 2010]

IVA: Independent Vector Analysis

o Multivariate p.d.f. [Hiroe, 2006], [Kim et al., 2006], [Kim et al., 2007]
o FastIVA [Lee et al., 2006], [Lee et al., 2007]
« HEAD problem [Yeredor, 2009]
o Auxiliary function based IVA (AuxIVA) [Ono, 2011], [Ono, 2012b], [Ikeshita et al., 2017]
o Time-varying Gaussian p.d.f. [Ono, 2012a], [Ono et al., 2012]
o Supervised or model-based IVA [Ono et al., 2012], [Lopez et al., 2015],
[Nesta and Koldovsky, 2017]
¢ Online IVA [Kim, 2010], [Taniguchi et al., 2014], [Sunohara et al., 2017]

NMF: Nonnegative Matrix Factorization

o Auxiliary function based optimization for Euclidean distance NMF and generalized
Kullback-Leibler divergence NMF [Lee and Seung, 1999], [Lee and Seung, 2001]

o EM-based optimization for Itakura-Saito divergence NMF [Févotte et al., 2009]

o Auxiliary function based optimization for Itakura-Saito divergence NMF [Kameoka et al., 2006],
[Nakano et al., 2010], [Févotte and Idier, 2011]

« Auxiliary function based optimization for 3 divergence NMF [Nakano et al., 2010],
[Févotte and Idier, 2011]

o Auxiliary function based optimization for sparse NMF [Kameoka et al., 2009]

Multi-channel NMF

« EM-based optimization [Ozerov and Févotte, 2010]
o Auxiliary function based optimization [Sawada et al., 2012], [Sawada et al., 2013],
[Higuchi and Kameoka, 2014]

ILRMA: Independent Low-Rank Matrix Analysis

o Earlier idea (determined multi-channel NMF) [Kameoka et al., 2010]
e Multichannel NMF with rank-1 spatial model [Kitamura et al., 2015a]
o ILRMA [Kitamura et al., 2016], [Kitamura et al., 2018]

o Relaxation of Rank-1 spatial model [Kitamura et al., 2015b]

o Maximization-equalization algorithm [Mitsui et al., 2017b]

e Optimal window length [Kitamura et al., 2017]

o Based on Student’s t-distribution [Mogami et al., 2017]

o With sparse regularization [Mitsui et al., 2017a]

o With spatial regularization [Mitsui et al., 2018]



Other references related to auxiliary function based optimization

o [Lange et al., 2000], [Hunter and Lange, 2000], [Hunter and Lange, 2004], [Ono et al., 2009],
[Ono and Sagayama, 2010], [Févotte and Idier, 2011], [Yoshii et al., 2013],
[Kameoka and Takamune, 2014], [Sun et al., 2017]
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